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Abstract
This paper aims to compare the performance of code-converter as a feature extraction technique followed by various 
distance measures such as City Block Distance (CBD) measure and Euclidean Distance (ED) measure for the perfect 
classification of epilepsy risk levels from Electroencephalography (EEG) Signals. From the extracted parameters such as 
sharp and spike waves, energy, peaks, duration, variance, events and covariance from the EEG Signals of an epileptic 
patient, the risk level of epilepsy is classified. The City Block Distance Measure and Euclidean Distance Measure is then 
applied to the Code Converter’s risk level classification output in order to optimize the risk levels for the characterization 
of the patient. In this study, a group of 10 patients with known epilepsy findings are utilized here. The Performance 
metrics is computed with the help of parameters like Performance Index (PI) and Quality Values (QV).
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1. Introduction
The detailed study of epilepsy has a profound importance in the biomedical signal processing research. Epilepsy is 
actually a chronic brain disorder which is characterized by certain quantity of seizures and it can affect any person at 
any age [1]. Recurrent convulsions over a particular time –period is the most characteristic feature of epilepsy. The 
main motivation of this paper is to detect the epilepsy risk levels from Electroencephalogram (EEG) signal data 
patterns and later classify it using non linear classifiers. The human brain is a very complex system exhibiting high 
dynamics in the spatial-temporal region [2]. To investigate more on the human brain, many non-invasive techniques 
are available and among those, EEG provides the direct measure of the activities of the cortex with a very low 
temporal resolution. Hence, EEG is a promising, versatile and powerful tool for the analysis and diagnosis of 
neurological disorders [3]. Ever since EEG came into existence it has been used for the diagnosis of epilepsy, for 
trauma assessment, for sleep research, and for the analysis of higher brain functions [4]. When it comes to the 
clinical diagnosis of epilepsy, a detailed history report of the patient is required along with neurological 
examinations, blood test and cerebrospinal fluid tests [5]. Certain medical imaging techniques like CT or MRI scans 
can be adopted to check the structural abnormalities such as tumors and ischemia in the brain which may be the 
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fundamental reason for causing or triggering the seizures that may not be due to epilepsy [6].  However, the most 
common effective diagnostic method for the detection of epilepsy is the analysis of EEG signals. The paper is 
organized as follows: In Section 2, the methods and materials are discussed followed by the concept of code 
converters in section 3 and City Block Distance Measures and Euclidean Distance Measures in section 4 followed 
by the results and conclusion in Section 5.
2. Materials and Methods
For the performance analysis of the epilepsy risk levels using code converters as a feature extraction technique and 
distance measures as a post classifier, the raw EEG data of 10 epileptic patients who were under treatment in the 
Neurology Department of Sri Ramakrishna Hospital, Coimbatore in European Data Format (EDF) are taken for 
study [7]. The preprocessing stage of the EEG signals is given more attention because it is vital to use the best
available technique in literature to extract all the useful information embedded in the non-stationary biomedical 
signals. The EEG records which were obtained were continuous for about 30 minutes and each of them was divided 
into epochs of two second duration. Generally a two second epoch is long enough to avoid unnecessary redundancy 
in the signal and it is long enough to detect any significant changes in activity and to detect the presence of artifacts 
in the signal [8]. For each and every patient, the total number of channels is 16 and it is over three epochs. The 
frequency is considered to be 50 Hz and the sampling frequency is considered to be about 200 Hz [9].  Each and 
every sample corresponds to the instantaneous amplitude values of the signal which totals to 400 values for an 
epoch. The total number of artifacts present in the data is four. Chewing artifact, motion artifact, eye blink and 
electromyography (EMG) are the four numbers of artifacts present and approximately the percentage of data which 
are artifacts is 1%. No attempts were made to select certain number of artifacts which are of more specific nature. 
The main objective to include artifacts is to differentiate the spike categories of waveforms from non spike 
categories. The Block Diagram of the procedure is carried out as shown in the Figure 1. The raw EEG signals or 
samples are taken initially. Then the concept of Code Converters is used as a feature extraction technique. Finally 
the classification of epilepsy risk levels from EEG signals is done by engaging Distance Measures such as City 
Block Distance Measures and Euclidean Distance Measures as Post Classifiers. The epilepsy risk levels are analyzed 
in terms of Performance Index, Quality Values, Sensitivity and Specificity. 
Figure 1 Block Diagram of the Procedure
Raw EEG Signals / Samples
Code Converter as a Feature Extraction Technique
City Block Distance Measures and Euclidean Distance Measures as Post Classifier
Epilepsy Risk Levels
a) Performance Index
b) Quality Values
c) Sensitivity
d) Specificity (e) Time Delay (f) Accuracy
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3. Code Converter as a Feature Extraction Technique
The following parameters which are obtained by sampling process is usually given as input to the code converter 
system [10]. The following seven parameters are obtained as shown in Figure 2
Figure 2 Seven Parameters which are extracted
Here the output of code converter is generally encoded into the strings of seven codes which corresponds to each 
EEG signal parameter based on the epilepsy risk levels threshold values [10] as set in the Table 1
(3) For a 2-second epoch, energy is given by ¦
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Table 1 Parameter Ranges for Various Risk Levels
3.1 Risk Level Classification
The encoding method processes the sampled output values as individual code. Since working on definite alphabets 
is easier than processing numbers with large decimal accuracy, we encode the outputs as a string of alphabets [11].
The alphabetical representation of the five classifications of the outputs is shown in table 2.
Table 2 Representation of Risk Level Classifications
Risk Level Representation
Normal U
Low W
Medium X
High Y
Very High Z
The ease of operation in using characteristic representation is obviously evident than in performing cumbersome 
operations of numbers. By encoding each risk level one of the five states, a string of seven characters is obtained for 
each of the sixteen channels of each epoch [11]. 
4. Distance Measures as Post Classifiers
For further optimization of the code converters output, the two distance measures taken here are City Block Distance 
Measure and Euclidean Distance Measure as post classifiers.
4.1 City Block Distance Measure:
The City Block Distance [12] between any two points a and b with l dimensions is easily calculated as follows:
Risk levels Normal Low Medium High Very
highNormalized
Parameters
Energy 0-1 0.7-3.6 2.9-8.2 7.6-11 9.2-30
Variance 0-0.3 0.15-0.45 0.4-2.2 1.6-4.3 3.8-10
Peaks 0-2 1-4 3-8 6-16 12-20
Events 0-2 1-5 4-10 7-16 15-28
Sharp waves 0-2 1-5 4-8 7-11 10-12
Average
Duration
0-0.3 0.15-0.45 0.4-2.4 1.8-4.6 3.6-10
Covariance 0-0.05 0.025-0.1 0.09-0.4 0.28-0.64 0.54-1
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This distance is always greater than or equal to zero. For identical points, the measurement would be zero and for 
the points that show little similarity, the measurement is high. It is important to notice here that the influence of a 
large difference in a single dimension is dampened for most of the times .
4.2 Euclidean Distance Measure:
In this classification, the distance between any two points in an Euclidean space is the Euclidean distance [13]. With 
the help of this distance, Euclidean space can easily become a metric space. The norm value associated with it is 
termed as the Euclidean norm. The Euclidean distance between any two points p and q is line segment’s length 
connecting the two points and in Cartesian coordinates, it can be expressed mathematically as follows :
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5. Results and Conclusion
The outputs are obtained for three epochs for every patient in classifying the epileptic risk level by the code 
converter and distance functions approach. To study the relative performance of these two systems, we measure two 
parameters, the Performance Index and the Quality Value. These parameters are calculated for each set of the patient 
and compared. 
5.1 Performance Index (PI)
The Performance of the Code converter method and Distance Measures Classification method is defined as follows  
100u 
PC
FAMCPC
PI
where PC – Perfect Classification
MC – Missed Classification
FA – False Alarm
The PI calculated for the aforesaid classification methods are illustrated in the table 3
Table 3 Performance Index
Methods
Perfect
Classification
Missed
Classification
False
Alarm
Performance 
Index
Code
converter
50 20 10 40
City Block 
Distance
95.83 0 4.16 95.65
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Euclidean
distance
function
91.67 0 8.33 91.58
It is evident that the city block distance optimization gives a better performance than the code converter techniques 
because of its lower false alarms and missed classifications.
5.2 Quality Value
The main goal of this is paper is to classify the epileptic risk level with as many perfect classifications and as few 
false alarms as quickly as possible. In order to compare the different classifier, three important quality parameters 
are chosen.
(i) Classification rate
(ii) Classification delay
(iii) False Alarm rate
The quality value QV is defined as 
   msddctdlyfaV PPTR
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where, C is the scaling constant 
Rfa is the number of false alarm per set
Tdly is the average delay of the onset classification in seconds
Pdct is the percentage of perfect classification and
Pmsd is the percentage of perfect risk level missed
A constant C is empirically set to 10 because this scale is the value of QV to an easy reading range [10]. A 
study of code converter method without and with distance based optimization was performed and their results were 
taken as the average of all ten known patients was tabulated in table 4.
Table 4 Results of Classifiers taken as Average of all Ten Patients
Parameters
Code converter 
method before 
Optimization
City
Block
Distance
Euclidean
Distance
Risk level classification 
rate (%)
50 95.83 91.67
Weighted delay (s) 4 1.92 1.83
False-alarm rate/set (%) 20 4.16 8.33
Performance Index % 40 95.65 91.58
Quality value 6.25 21.55 19.31
The city block distance optimization is outperformed the other two methods in terms of Performance Index and 
Quality values. Surprisingly both the mathematical models performed well with no missed classifications which are 
the very striking feature of the distance based optimization techniques. Future works may incorporate the usage of 
different types of post classifiers for the classification of epilepsy risk levels using EEG Signals.
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